In the spectral analysis of a complex solution, the model migration ability is a key challenge. The influence of changes in external factors (measurement environmental changes) is the main reason for the poor model migration ability. If this influence is not well suppressed, it may affect the model migration ability and reduce the robustness of the model. Therefore, effectively suppressing this influence can enhance the model migration ability and improve accuracy. In this paper, we employ the spatial and time domains in addition to the wavelength domain and propose a high-spatial-resolution hyperspectral method that transforms the information of the external factor changes in the spectrum into DC (direct-current) components in the spatial and time domains. Consequently, the information of the external factor changes is separated from the effective information of the tested substance. An algorithm is proposed to extract parameter spectra that are only related to the information of the tested substance. Then, the traditional transmission spectra are replaced by the extracted parameter spectra in the modeling. We design an experiment to spectrally analyze hemoglobin (HB), and two kinds of measurement containers are used to simulate a type of external factor. To verify the effectiveness of the proposed method, we determine whether the model can be migrated to an environment with a different measurement container. The experimental results show that the prediction accuracy for HB and the model migration ability are satisfactory. The results indicate that the high-spatialresolution hyperspectral method can effectively suppress the influence of external factor changes on spectral analysis and improve the model migration ability.
I. INTRODUCTION
The component analysis of complex solutions is a hotspot in the field of stoichiometric analysis. High precision, nonpollution and high efficiency are the goals that scientists have been pursuing. Spectral analysis technology has been widely used in agriculture [1] , [2] , industry [3] , [4] (e.g., alcohol), food [5] , [6] (e.g., juice), chemical engineering [7] (e.g., oil) and other fields because of its high efficiency, nondestructive nature and no consumption of reagents [8] , [9] . In recent years, a large number of studies have applied spectroscopy The associate editor coordinating the review of this manuscript and approving it for publication was Wei Liu .
to the component analysis of complex solutions, and satisfactory results have been obtained.
In the field of biomedical engineering, qualitative and quantitative analyses of body fluid components have very important clinical significance. Due to its diversity and complexity as well as the lifting space of the prediction accuracy, an increasing number of researchers have begun to pay attention to the spectral analysis of body fluid components, such as blood, urine, and gastric juice. The most extensive research has involved quantitative analyses of blood components, such as the detection of free hemoglobin (HB) in plasma [10] , the detection of HB in blood [11] , [12] , and the detection of biochemical components in serum [13] , [14] . Although the prediction accuracy of some studies is satisfactory, the robustness and migration ability of these models are poor.
A large number of studies have proposed methods to improve the model robustness. Zhang et al. [15] believe that varying the integration time will lead to a change in the sensitivity of the spectrum. When a model is established, in cases where the model integration time is unknown and the integration time cannot be guaranteed to be equal to the model integration time, remeasuring the modeling samples will still produce errors. To overcome the problem of the poor model robustness caused by different integration times, a covering modeling method was proposed that established a model using spectra collected with different integration times so that in the process of the optimization iteration, the model would not be sensitive to the integration time. Zhang et al. [16] researched the effect of changes in the properties of blood on the spectrophotometric determination of blood in humans and animals. For example, the diffuse reflectance spectra of clotted blood samples and hemolytic blood samples were different from that of the fresh blood samples with anticoagulants. According to the spectral analysis strategy suggested by the research group, the method of covering modeling and analysis was proposed. However, most studies focus only on improving model robustness and do not discuss the migration ability. The robustness affects the anti-interference ability of the model, while the migration ability affects the portability of the model when external factors change, which is of great significance to the practical application of spectral analysis technology.
Many factors affect the model migration ability of spectral analysis, and changes in external factors are the main influencing factor. These changes mainly include differences in the optical fiber attenuation, fluctuations in the light source, differences in the instrument noise level, differences in the measurement container, and changes in the ambient temperature. At present, most studies on the model migration ability focus on temperature. Roger et al. [17] developed a method called external parameter orthogonalization (EPO) to remove the temperature variation from spectral data. Their results showed that the partial least squares (PLS) model of EPO is insensitive to temperature changes. Thamasopinkul et al. [18] developed three calibration models at constant temperatures (25, 35 and 45 • C) and a robust calibration model with temperature compensation. Their results showed that the temperature compensation model achieves a good prediction performance for the near-infrared determination of moisture and the reduction in sugar in honey when the sample temperature is varied.
In addition to external factors such as temperature, when the optical pathlength, measurement instrument, light source, measurement container, etc. are unchanged, the model migration ability can be relatively stable. However, these conditions are basically impossible to achieve in an actual measurement. Taking changes in measurement containers as an example, Luo et al. [19] used the optical pathlength difference to represent the fabrication processing error of a cuvette. By collecting spectra for multiple optical pathlengths and modeling the intralipid concentration, the possible optical pathlength error was covered according to the concept of ''exhaustive''. Although good prediction results were obtained, this method is difficult to realize in practical applications. We believe that in terms of the influence of differences in the measurement container on spectral analysis, attention should be mostly paid to eliminating the influence on the spectrum. To reduce the influence of differences in the measurement container (blood bag) on spectral analysis and realize a nondestructive analysis of the HB concentration in a blood bag, S Zhang et al. [20] collected transmission spectra for three optical pathlengths, and the spectra for the three optical pathlengths were simulated as a slope spectrum. The slope spectrum mainly reflects the blood characteristics in the blood bag, thus reducing the influence of the blood bag and achieving a nondestructive and rapid analysis of the blood components in the bag. The limitations of this method are that the number of optical pathlengths is small and there is no corresponding reference for the selection of the three optical pathlengths and the optical path interval.
In this paper, it is considered that improving the model migration ability mainly involves removing the spectral influence of changes in external factors on the object of analysis, that is, removing the information that does not contribute to the object. As long as there are external factors in the measurement process that are slowly changed or that do not affect the sample's optical properties, such as the baseline drift of the light source, differences in the measurement instrument and so on, by finding a way to change the spectrum of the object of analysis in the time domain, then the amount of spectral change is related to only the object, making it possible to eliminate the influence of external factors. In this study, we take blood as the object, consider changes in the measurement container as the external factor changes, and propose a hyperspectral method with a high spatial resolution for the first time to quantitatively analyze the HB concentration. This method transforms the influence of changes in the measurement container on the spectrum into DC (directcurrent) components in the spatial and time domains, and an algorithm is proposed to extract the parameter spectra from the hyperspectra. This algorithm can remove the DC component and ensure that the parameter spectra is only related to the measured object. Partial least squares regression (PLSR) of the parameter spectra and HB concentration is used to verify the effectiveness of this method in inhibiting external factor changes; that is, when the model is migrated to other measurement environments with different measurement containers, this method can effectively improve the model migration ability. In addition, a Monte Carlo (MC) simulation is also used to theoretically demonstrate the feasibility of this high-spatial-resolution hyperspectral method to improve the migration ability of the model. 
II. RELATED TECHNOLOGY A. THE PRINCIPLE OF THE HIGH-SPATIAL-RESOLUTION HYPERSPECTRAL METHOD
The hyperspectral method is based on a high spatial resolution, that is, collecting the hyperspectra of the measured object with a continuous change in the spatial position. This method is different from the traditional spectral acquisition method, as this method collects the spectral data of samples at the same time when the spatial position changes. The collection method is shown in Fig. 1 .
The collection probe moves continuously from spatial position a to spatial position b, the speed of the collection probe is v, the integration time is t, and the distance over which the probe moves in per integration time is OD. When the spatial position changes continuously, the unit light input varies as an exponential function throughout the entire process. A curve of the variation in the light per unit time received by the charge-coupled device (CCD) when the spatial position changes continuously is shown in Fig. 2 .
The variation curve of the light per unit time is described by Equation 1:
When the spatial position of the probe moves during time T 0 ∼T 0 + t, the light intensity collected by the spectrometer is the area S 0b1 surrounded by the curve, t = T 0 , t = T 0 + t and the t axis, which can be obtained from 
According to the geometric principle, there always exists
, and the product of this value and t is equal to S 0b1 . Thus,
By letting I(T 0 + t1) be expressed in the form of Equation 1, we can simplify Equation 3 to obtain:
If the integration time is constant, let w = e r t −1 t ; then,
Equation 5 shows that when the integration time t is constant, t1 is a constant, and thus, the high-spatial-resolution hyperspectral method can be equivalent to equal interval spectral sampling. The spatial resolution is related not only to the integration time but also to the speed of the spatial movement of the collection probe. According to the experimental requirements, hyperspectra with a suitable resolution can be obtained by adjusting the integration time and speed of the spatial movement of the collection probe.
B. MONTE CARLO SIMULATION OF THE SUPPRESSION OF EXTERNAL FACTORS BY A HYPERSPECTRAL METHOD WITH A HIGH SPATIAL RESOLUTION
The high-spatial-resolution hyperspectral method can be equivalent to equal interval spectral sampling. Therefore, in order to verify the feasibility of the high-spatial-resolution hyperspectral method to suppress the influence of external factor changes on the spectral analysis, we simulate equal interval spectral sampling by MC simulation.
MC simulation is a stochastic statistical method widely used in the field of physics to address particle transportation problems. In 1983, Wilson et al. applied MC simulation to the field of tissue optics to explore the propagation law of photons in tissues [21] . In the analysis of tissue optics, the commonly used methods are the diffusion approximation method based on the radiative transfer equation and the random MC simulation method. However, the former can provide analytical solutions in only a few special cases, while MC simulation can flexibly consider the boundary conditions, does not need to introduce approximate conditions and is not limited by the dimensions, geometry and boundary conditions. Theoretically, turbid media with arbitrary multidimensional and complex structures can be analyzed by MC simulation. Therefore, MC simulation has become the main means of studying the propagation of photons [22] , [23] and is the gold standard in tissue optics, characterization analysis and quantitative analysis.
1) THEORETICAL ANALYSIS
In spectral analysis, the external factor changes can be attributed to optical loss in the wavelength domain, which affects the robustness and migration ability of the model. In this paper, a hyperspectral method with a high spatial resolution is proposed to suppress the influence of external factor changes on spectral analysis and improve the model migration ability.
A difference in the sample measurement container can affect the change in the light intensity in the wavelength domain, but it does not affect the sample's optical properties. Therefore, it can be simulated as a type of change in an external factor. A polyvinyl chloride (PVC) bag is used as the measurement container, and an MC simulation is used to simulate the PVC bag for a change in the optical properties of two layers (that is, the changes in the measurement container) to demonstrate how the model migrates effectively when the measurement container changes.
In Fig. 3 , D p1 and D P2 correspond to the thickness of the bag, but D p1 is not necessarily equal to D P2 . D s01 , D s02 , . . . D sn are the thicknesses of the sample to be measured, which correspond to optical pathlengths. When the incident light I 0 irradiates the bag, the output light through the sample and the PVC bag is I 1 , and the relationship between the output light I 1 and the incident light I 0 conforms to the modified Lambert's law, which is shown in Equation 6 : (6) where B is the pathlength factor, which is used to describe the lengthening of the light propagation distance caused by scattering, is a function of wavelength λ and is related to the absorption coefficient and scattering coefficient. K is the absorption coefficient, which is a characteristic of an absorbing substance in a specific solvent at a specific wavelength. This coefficient does not change with the concentration of the absorbing substance and the optical pathlength, and it is also a function of wavelength λ. G represents the loss due to the background, including the specular reflection of light between the interfaces, the attenuation of the optical fiber and other factors. Equation 6 shows that for the same measurement conditions, if the same substance is measured, the output spectrum varies only with the optical pathlength. Therefore, different output spectra can be obtained by changing the thickness of the measured substance or by changing the optical pathlength. Ensuring that the thickness of the tested sample changes in accordance with that shown in Fig. 3 , a number of output spectra I n , n ∈ N * can be obtained, where the optical pathlength is ds 01 , ds 02 , . . . , ds n−1 , ds n ; n ∈ N * , as shown in Equation group 7.
, the dependent variable be y = lg (I n (λ)), and the independent variable be x = ds n ; then, the template shown in Equation 8 can be obtained. Notably, k is not related to the incident light I 0 and the attenuation factor G but only to the absorption characteristics of the samples being measured.
Equation 8 shows that by changing the optical pathlength, parameter k, which is only related to the tested substance, can be obtained; the smaller the optical pathlength interval is, the denser the spatial positions, the higher the resolution in the spatial dimension, and the higher the correlation of parameter k.
In the spectrum collection process, an improvement in the resolution in the spatial dimension inevitably requires an accumulation of the measurement time to obtain the threedimensional hyperspectra in wavelength, time and space, which we call high-spatial-resolution hyperspectra. The specific acquisition and analysis methods used for the hyperspectra are given in the experimental part of this paper.
2) MC SIMULATION PARAMETERS
To ensure that the simulation is as close to reality as possible, the simulation uses a three-layer semi-infinite model, as shown in Fig. 4 . Layers 1 and 3 are the measurement container, and layer 2 is the sample. Two models of changes in the measurement container (a measurement container with a varying optical parameter; Table 1 ) and a fixed measurement container (a measurement container with constant optical parameter; Table 2 ) are simulated. The significance of this design is that when the model is migrated, if the optical parameters of the migrated measurement container change, the proposed method will avoid the influence of this change. The relevant parameters in the MC simulation are set as follows: the number of photons is 108, the numerical aperture of the optical fiber is 0.22, and the core diameter is 1.2 mm. The absorption coefficient of layer 2 is 1/10 of the absorption coefficient of HB [24] , which is obtained from a linear transformation of the molar extinction coefficient in the wavelength range of 741 nm∼820 nm, as shown in Fig. 5 . After interpolation, the absorption coefficients of 80 wavelengths are obtained. The wavelength resolution is 1 nm. Then, 64 samples with a concentration range of 60 g/L∼217.5 g/L are selected, and the concentration resolution is 2.5 g/L. Each sample is simulated for 25 spatial positions and a spatial resolution of 0.1 mm.
The spectral data from the simulation are arranged as shown in Fig. 6 , where I i,j,n represents the photon intensity; i represents the simulated sample concentration index, ranging from 1 to 64 with a step size of 1, corresponding to the concentration of samples; j represents the simulated wavelength index, ranging from 1 to 80 with a step size of 1, corresponding to the number of simulated wavelengths; and n represents the number of simulated spatial positions, ranging from 1 to 25 with a step size of 1, corresponding to the simulated optical pathlength thickness. Fig. 7 shows the spectra of 64 samples at the 25th spatial position. Fig. 7 -a shows the spectra under the condition of a constant external factor, and Fig. 7 -b shows the spectra under the condition of an external factor change. It can be seen from Fig. 7 that a change in the optical parameters of the measurement container can seriously affect the spectra.
3) DATA ANALYSIS FOR THE MC SIMULATION
First, the logarithm of the spectral data is calculated. Second, the light intensity at each spatial position is arranged as a column vector [I i,j,1 ; I i,j,2 ; . . . ; I i,j,n−1 ; I i,j,n ] T , i, j, n ∈ N * , n ∈ (1, 25) and is regarded as a dependent variable. The spatial position indices are arranged as a column vector [1; 2; . . . ; n − 1; n] T , n ∈ N * , n ∈ (1, 25) and are regarded as an independent variable. Then, the template of Equation 8 is taken as a prototype of the function to perform least square fitting and obtain the two-dimensional parameter matrices K i,j and B i,j , as shown in Equations 9 and 10.
We regress the concentration vectors ([60, 62.5, . . . , 215, 217.5] (64×1) g/L) with the row vectors of matrices K and B, respectively. To highlight the effectiveness of the method, we regress the concentration vectors ([60, 62.5, . . . , 215, 217.5] (64×1) g/L) with the spectral data vectors of the 25th optical pathlength ( I 1,j,n , I 2,j,n , . . . , I i−1,j,n , I i,j,n , i = 64; j ∈ 1, 2, . . . , 79, 80; n = 25) for a comparison. The regression results are shown in Fig. 8 .
Taking the sample with 217.5 g/L as an example, S T (MCF) indicates the transmission spectrum for the 25th optical pathlength under the condition of a fixed measurement container, and S T (MCC) indicates the transmission spectrum for the 25th optical pathlength under the condition of changes in the measurement container. Parameter spectrum k corresponds to the 64th row vector in matrix K, and parameter spectrum b corresponds to the 64th row vector in matrix B. Fig. 8-a shows a normalized comparative diagram of S T (MCF) and S T (MCC). It can be seen that there is serious interference in the spectrum under the condition of changes in the When the measurement container is fixed, the waveforms of parameter spectrum b are basically consistent with S T (MCF). Although according to Equation 7 parameter spectrum b should be a constant number, in Fig. 8-c it is not a constant number. This is because the simulated medium in this study has strong scattering, which can lead to nonlinearity in the spectrum; thus, parameter spectrum b carries part of the information of the tested substance, which may explain why parameter spectrum b is consistent with the shape of S T (MCF). In the case of changes in the measurement container, most of the information of the change in measurement container is included in parameter spectrum b, and consequently parameter spectrum b exhibits considerable interference. Fig. 8-c shows a normalized comparative diagram for parameter spectrum k extracted according to the template of Equation 8, S T (MCF), and S T (MCC). It can be seen that the three curves are basically consistent, which indicates that after the feature extraction, parameter spectrum k can better suppress the influence of an external factor change on the spectrum. To understand the correlation between k, b, S T (MCC) and the sample concentration more intuitively, we regress 64 sample concentrations with the light intensity in k, b, and S T (MCC) of 64 samples at 800 nm. The regression results are shown in Fig. 8-b, d , and e. It can be seen from the diagram that the effect of the regression of parameter spectrum k is obviously better than that of S T (MCC) and parameter spectrum b.
The above analysis results show that the extracted parameter k is related to only the tested substance and can better reflect the information of the tested substance. The highspatial-resolution hyperspectral method can suppress the influence of changes in the measurement container on spectral analysis. When the model is migrated and an external factor, such as the measurement container is changed, the proposed method can better adapt to the new environment.
III. EXPERIMENT A. SAMPLE
HB is the main component of red blood cells, can combine with oxygen, and can transport oxygen and carbon dioxide. The HB content is a clinical response feature of many diseases and can be used as a basis to diagnose systemic diseases [25] , [26] , such as anemia, to determine the presence of blood system diseases, and to judge the level of recovery after surgery. In this paper, HB is taken as the object of analysis, the traditional measurement container, the cuvette, is used as the external factor control group, and a PVC bag is used as the experimental group to verify the effectiveness of the proposed hyperspectral method.
The clinical data and blood of 168 volunteers were provided by the No. 983 Hospital of the People's Liberation Army Combined Service Force. The volunteers included physical examination patients and outpatients. The range of the HB concentration was 108 g/L∼185 g/L. The sample preparation process was as follows:
1) The venous blood of the volunteers was collected and placed into a vacuum negative pressure tube containing anticoagulant.
2) The vacuum negative pressure tube was placed in a blood mixer and mixed well.
3) The blood was divided into three parts with an aseptic dropper: one part was placed in the cuvette, one part was placed in the aseptic PVC bag, and the third part was placed in the anticoagulant tube for blood analyzer analysis.
4) The PCV bag containing blood was placed on the hyperspectral acquisition platform to collect spectra as the experimental group, and the cuvette containing blood was placed on the hyperspectral acquisition platform to collect spectra as the control group. The blood in the anticoagulant tube was placed in the hematology analyzer (Sysmex KX-21) to analyze the HB concentration, which was taken as the true value.
5) The disposable blood utensils were classified and destroyed.
B. EXPERIMENTAL SYSTEM
The high-spatial-resolution hyperspectral acquisition system is shown in Fig. 9 . This system mainly includes a light source, some optical fibers, a spectrometer, a spatial position acquisition device and a PC. The light source is a halogen lamp produced by Avantes (AvaLight-HAL-(S)-Mini, wavelength range of 360 to 2500 nm and a bulb color temperature of 2700 K). The output optical power of the optical fiber is 4.5 mW. The spectrometer is a high-sensitivity spectrometer with a wavelength range of 300-1160 nm (AvaSpec-HS1024 * 58TEC, spectral resolution of 0.9 nm). The optical fiber flange interface (SMA905) is fixed on the spatial position acquisition device, which is used to connect the optical fiber, and the acquisition optical fiber (numerical aperture of 0.22 mm and a core diameter of 1.2 mm) is connected under the sample bracket. The coaxial cable for the acquisition fiber and the light source output fiber are designed, and the other end of the acquisition fiber is connected to the spectrometer. The spatial position acquisition device consists of a high-precision slide platform and a slide platform driver. The slide platform is produced by the Beijing Zolix Company (TSA50-C, stroke of 50 mm, resolution of 0.625 µm for 32 subdivisions, and maximum speed of 10 mm/sec). The slide driver is an embedded stepper motor controller designed by our research group. The speed and spatial position of the slide are accurately controlled by upper computer software. The upper computer software is written in C++, and the acquisition period, spatial range and sample frequency of the device are controlled by the slide controller. The acquisition probe is attached to the slide platform and can be controlled to move to the target position and acquire the hyperspectra with a high spatial resolution.
C. EXPERIMENTAL PROCEDURE
The experimental equipment described above is used to collect the hyperspectra of blood according to the following steps:
1) The integration time of the spectrometer and the maximum optical pathlength range can be determined according to the concentration range of the HB; then, the motion range of the spatial position acquisition device can be set.
2) The speed of the acquisition probe is set to ensure that the number of collected spectra can be as high as possible in one cycle period.
3) The sampling period is determined. 4) The initial position of the acquisition probe is corrected. 5) The acquisition probe is controlled to move back and forth in the moving range; at the same time, the spectrometer samples continuously. The acquired spectra are hyperspectra. 6) Measurement of each sample in the cuvette and PVC bag are completed.
D. ANALYSIS ALGORITHM FOR HIGH-SPATIAL-RESOLUTION HYPERSPECTRA
The spectra are obtained by continuous sampling as the acquisition probe moves and are three-dimensional spectra in the wavelength, time and spatial domains, which we call high-spatial-resolution hyperspectra. In this paper, for a better understanding of the results, the time axis is replaced by the number of acquisitions. Since the influence of external factor changes on the spectrum is constant in the time domains, external factor changes can be transformed into DC components in the time domains. Thus, the influence of external factor changes on the spectrum can be separated from the effective information k of the tested substance, which makes it possible to extract the information that is only related to the tested substance. A diagram of the hyperspectra is shown in Fig. 10-a , which includes the DC component of an external factor change and the effective information of the tested substance. To extract the information of the tested substance effectively and reliably, a rising edge extraction algorithm is proposed for the high-spatial-resolution hyperspectra in this paper. The specific steps are as follows:
(1) The random noise in the spectral signal is filtered by a SG [27, 28] filter, which was proposed by Savitzky and Golay in 1964 and is often used for the preprocessing of spectral data to smooth the spectrum and to suppress random noise caused by the dark current of the spectrometer.
(2) The wavelength with the largest dynamic range in the wavelength domain is determined, and a two-dimensional spectrum in the spatial and time domains can be obtained, as shown in Fig. 10-b . (3) The extreme points of this two-dimensional spectrum are calculated, and then the rising and falling edges of the two-dimensional spectrum are split. The extreme points are also the extreme points of the corresponding two-dimensional spectrum at other wavelengths. We call these extreme points feature points, and the extraction result of the feature points is shown in Fig. 10-b. (4) As shown in Fig. 10-b , there are a total of four rising edges, and the four rising edges corresponding to each wavelength are superimposed and averaged to obtain the average rising edge at each wavelength, as shown in Fig. 10-c. (5) The logarithm of the average rising edge at each wavelength is calculated, and the appropriate template is used to fit the curve so that the parameters k and b corresponding to each wavelength can be obtained.
IV. RESULTS AND DISCUSSION

A. SPECTRAL DIFFERENCES CAUSED BY EXTERNAL FACTOR CHANGES
In this study, the transmission spectra of the samples were measured in a PVC bag and a cuvette. The purpose of this design is to show how the model migration ability is guaranteed when the measurement container is changed from a cuvette to a PVC bag. Fig. 11 shows a spectral comparison of samples measured in the PVC bag and the cuvette. Fig. 11-a  FIGURE 11 . Spectral comparison of samples measured in the PVC bag and the cuvette. shows a comparison of the mean values of the sample spectra measured in the two containers, from which it can be seen that there is a great difference in the amplitudes of the spectra. Fig. 11-b shows a normalized comparison of the mean values of the sample spectra measured in the two containers, and it can be seen that there are also differences in the shapes of the spectra.
B. DATA MODELING
Spectral data from the blood of 168 volunteers were collected. We partitioned the calibration set and the prediction set randomly according to the proportion of 4:1. A total of 135 samples were selected as the calibration set, and the remaining 33 samples were selected as the prediction set. The distributions of the two data sets are shown in Table 3 . To verify the feasibility of the method proposed in this paper, a total of seven models were established. In all of the models, PLSR was used to construct the quantitative relationship between the blood spectra and HB concentration in MATLAB, and a leave-one-out cross-verification was used to determine the number of principal factors. The calibration and prediction set for each model are shown in Table 4 ; k and b are the parameter spectra extracted from the hyperspectra according to the steps in the sixth part of this paper, and S T indicates the transmission spectra. The evaluation indices used to evaluate the model performance include the correlation coefficient of the calibration set (RC), mean square error of the calibration set (RMSEC), correlation coefficient of the prediction set (RP), mean square error of the prediction set (RMSEP) and the number of model principal factors (N). Fig. 12 shows the k spectra, b spectra and transmission spectra S T of the samples in the cuvette and PVC bag.
C. RESULTS ANALYSIS
The performance of the seven models is shown in Table 5 , and the following results were obtained: 1. Comparing model 1 with model 2, the RP of model 1 is 0.9331 and the corresponding RMSEP is 4.3038; the RP of model 2 is 0.8725, and the corresponding RMSEP is 7.815. The performance of model 1 is better than that of model 2. Comparing model 3 with model 4, the RP of model 3 is 0.8916 and the corresponding RMSEP is 5.9314; the RP of model 4 is 0.7959, and the corresponding RMSEP is 8.3879. The performance of model 3 is better than that of model 4. It can be seen that the performances of model 1 and model 3 established by parameter spectra k are better than those of model 2 and model 4, which are established by parameter spectra b. This is consistent with the theoretical analysis in this paper; that is, compared with parameter spectra b, which contain the information of external variation factors (different measurement containers), parameter spectra k extracted from the high-spatial-resolution hyperspectra can better reflect the information related to the tested substance.
2. When the model is established by k, the performance of model 3 is worse than that of model 1 because the measurement environment of model 3 is the PVC bag, which is a container with uneven optical properties. Nevertheless, the performance of model 3 is still in an acceptable range compared with that of model 1, which utilizes an excellent measurement environment (cuvette). Moreover, compared with the RMSEP of model 6, which is established by the transmission spectra measured in the PVC bag, the RMSEP of model 3 is reduced by 37.98%; notably, the performance of model 3 has been greatly improved. This fully shows the effectiveness of the high-spatial-resolution hyperspectral method, which suppresses the influence of a change in the measurement container on spectral analysis to a great extent.
3. Comparing model 5 with model 7, both models use samples measured in the cuvette to predict samples measured in the PVC bag. The difference is that model 5 utilizes parameter spectra k (cuvette), while model 7 directly utilizes the transmission spectra S T (cuvette). The RP of model 7 is 0.8284, and the corresponding RMSEP is 8.5326; the RP of model 5 is 0.9217, and the corresponding RMSEP is 3.5139, which was reduced by 58.8%. Obviously, the prediction accuracy of model 5 is better than that of model 7. This means that when a model is migrated, the model established by the method proposed in this paper can obviously show satisfactory performance in terms of migration. 4. Comparing model 3 with model 5, both models use the same prediction set, while the modeling spectra are different. The modeling spectra of model 5 are k (cuvette), and the modeling spectra of model 3 are k (PVC). The RMSEP of model 5 is 3.5139, and the RMSEP of model 3 is 5.9314. The prediction accuracy of model 5 is 40.76% higher than that of model 3 In addition, model 6 and model 7 have the same prediction set, while the modeling spectra of model 6 are the transmission spectra S T (cuvette), and the modeling spectra of model 7 are the transmission spectra S T (PVC). The RMSEP of model 7 is 8.5326, and the RMSEP of model 6 is 9.5644. The prediction performance of model 7 is higher than that of model 6. From the above results, it can be seen that when spectra collected in an excellent environment (such as in a measurement container with good optical properties, e.g., the cuvette) are used to establish the model, the high-spatialresolution hyperspectral method can ensure that the model has a good migration ability. In particular, when the model is migrated to a relatively unstable environment to predict samples (such as samples measured in a PVC bag), the prediction accuracy is even better than the prediction accuracy of the model established in the unstable environment. This phenomenon can be explained as follows: the collected spectra are less disturbed in an excellent environment, and thus, when PLSR is employed, with the cross-validation, PLSR can find the principal components with a high correlation with the target components. In addition, the feature quantities with a high correlation are assigned a higher weight, and thus, the model is related to the target components to a greater extent. Therefore, when the model is migrated, the trained model can pay more attention to the target components and assign a smaller weight to the interference information caused by changes in the measurement environment, allowing a better prediction performance to be obtained.
D. DISCUSSION
Compared with other complex solutions, different manufacturers and different raw materials limit the selection of samples for the calibration set. The advantage of a quantitative analysis of human blood components lies in the consistency of the species; as long as the sample size is large enough, the reliability of the model can be guaranteed. Therefore, the model migration ability is the characteristic that should be given the greatest attention. Due to the particularity of spectral analysis, the spectra of samples depend on the measurement equipment, measurement environment and proficiency of the operator. An inconsistency in any of these factors will lead to a significant change in the model. The method proposed in this paper, from the point of view of data acquisition, suppresses the impact of changes in external factors on spectral analysis and improves the model migration ability.
In real scenarios, the differences in the optical fiber attenuation, fluctuations in the light source, differences in the instrument noise level, differences in the measurement container and changes in the ambient temperature all affect the model migration ability and even alternated. We believe that in addition to the differences in the measurement container that are analyzed in the manuscript, the high-spatial-resolution hyperspectral method can also suppress other external factors in the measurement process that are slowly changed or that do not affect the sample's optical properties, such as the baseline drift of the light source, differences in the measurement instrument and so on. Since the essence of the method is to transform the information of the external factor changes in the spectrum into a constant DC component in the time domain, parameter spectrum k is actually the relative amount of spectrum change in the time domain, as shown in Fig. 10 -b, and this relative amount of spectrum change is only related to the object of analysis. Therefore, as long as the changes in the external factors remain constant or change slowly with respect to the sampling time in the time domain, the method is effective. For example, the baseline drift of the light source is not abrupt but instead is a slowly changing process. Therefore, the relative amount of change in parameter spectrum k is slight during the slow change. Additionally, when the measurement instrument is replaced, such as changes in the numerical aperture of the optical fiber, changes in the measurement container or the replacement of the light source, these do not affect the optical properties of the object of analysis. The amount of spectrum change k is still only related to the object of analysis, and thus, the method can theoretically suppress these conditions well. For the temperature factor, the effectiveness of the highspatial-resolution hyperspectral method is not guaranteed because the temperature will change the optical properties of the object of analysis. For example, oil samples will freeze at low temperatures [29] , and the optical properties of oil samples will change with temperature. Therefore, perhaps the compensation method will be more effective.
Considering external factor changes such as a change in the measurement container, Lohumi et al. [30] developed a line-scan SORS (spatially offset Raman spectroscopy) technique for obtaining the Raman spectra of packaged-food samples. This technique was used to quantify butter adulteration with margarine through two different types of packaging. The results revealed that, compared with conventional backscattering Raman spectroscopy, SORS analysis yielded excellent qualitative and quantitative analyses of butter samples. However, SORS showed different performance with different packaging, indicating that the model migration ability of SORS is not satisfied. Hou et al. [31] , [32] measured the intralipid solution in the PVC (polyvinyl chloride) bag through wavelet transform and other algorithms to extract the featured spectrum to restrain the influence of the PVC bag and improve the intralipid measurement accuracy. However, the methods proposed by Hou are only applicable to the measurement container at that time. Once the measurement container is replaced, models do not have good migration ability. Zhang et al. [20] also proposed a method to establish a model that was insensitive to the measurement container (blood bag). By collecting the spectra of three optical pathlengths, Zhang constructed a slope spectrum using the absorption spectrum and the optical pathlength to predict the HB concentration in the blood bag. The limitation of this method is that the number of optical pathlengths is small, and there is no corresponding reference for the selection of the three optical pathlength positions and the optical path interval. The method used in this paper is different from the method proposed by Zhang. The high-spatial-resolution hyperspectral method achieves continuous sampling over the whole blood spatial domain, every position in space can be taken into account, and the resolution is only related to the integration time as well as scanning speed. Compared with the model established by the conventional transmission spectrum, the performance of the model established by the slope spectrum improved by 41%, while the performance of the model established by the high-spatial-resolution hyperspectral method improved by 58.8%. Obviously, the performance of the high-spatial-resolution hyperspectral method is better than that of S Zhang.
In this paper, we collect the spectra while keeping the resolution constant, but the method also has an improved dynamic space. Since the relationship between the light intensity and optical pathlength is exponential, the amount of change in light intensity at different optical path positions is different. When the light intensity changes rapidly, improving the spatial resolution to increase the effective information in the hyperspectra is important; when the light intensity changes smoothly, reducing the resolution to reduce redundant information is very necessary. Spectral acquisition with a variable resolution is only a preliminary idea. More in-depth research will be carried out in the future.
V. CONCLUSION
In this paper, we first discussed the limitation of spectral analysis in the quantitative analysis of complex solution components, that is, the poor model migration ability caused by changes in external factors. Then, we proposed a high-spatial-resolution hyperspectral method to improve the model migration ability. This method employs information in the spatial and time domains in addition to the wavelength domain. The information associated with changes in external factors in the spectrum is transformed into DC components in the spatial and time domains, separating the information of external factor changes in the spectrum from the information related to the tested substance. Finally, an algorithm was proposed to extract the spatial resolution parameter spectra (which are only related to the tested substance) from the high-spatial-resolution hyperspectra. The extracted parameter spectra were used to replace the traditional transmission spectra, and PLSR was used for the subsequent modeling and analysis. This study used HB as the object of analysis, considered the measurement container as a type of external factor, which changes slowly or does not affect the sample's optical properties in the measurement process, and employed a MC simulation and experimental analysis to verify the effectiveness of the proposed method. The results showed that the high-spatial-resolution hyperspectral method can effectively suppress the influence of changes in external factors on spectral analysis and can provide an effective means to improve the model migration ability.
